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Purpose
Intensity inhomogeneity, which may be composed of acoustic shadow and enhancement, is an artifact frequently degrading the boundary and texture information of a lesion in a breast sonogram (Fig. 1) .
To reduce the influence of the intensity inhomogeneity on the analysis of breast lesion, a new inhomogeneity-correction algorithm is proposed based on cell-based partitioning and polynomial surface modeling of the intensity inhomogeneity. While the former reasonably partitioning the region-of-interest (ROI) into foreground and background regions, the latter approximates the intensity inhomogeneity by a polynomial surface on the basis of the regional statistics provided by the former. 
Methods and Materials
The proposed inhomogeneity-correction scheme is formulated as an EM algorithm composed of two major parts, namely, constrained fuzzy cell-based bipartition-MAP (CFCB-MAP) algorithm for the E-step as well as inhomogeneity estimation and correction for the M-step. In the E-step, the CFCB-MAP algorithm divides the ROI into reasonable foreground and background regions by the new CFCB-MAP algorithm taking the outputs of the fuzzy cell-competition algorithm and normalized cut algorithm as the priors of the edges and lesion shape. In the M-step, the nth order polynomial surface of the inhomogeneity field is estimated by using the least squared fitting. The iteration process terminates when the difference of the estimated fields derived in two consecutive iterations is stabilized( Fig. 1 on page 4 ).
E step
Based on the intensity inhomogeneity derived in the previous M-step, the E-step aims to provide a reasonable estimation of the foreground and background regions close to the true partition as possible for the M-step by the CFCB-MAP algorithm. The CFCB-MAP algorithm comprises three components: fuzzy cell competition (FCC), normalized cut (NC), fuzzy cell-based bipartition (FCB).
Fuzzy cell competition
The goal of the FCC algorithm is to derive a minimum number of prominent components constituting the breast lesion in a breast sonogram.
The cost function of the FCC algorithm characterizes the overall regional homogeneity of all regions and the total boundary strength of all boundary segments, which are defined by the first and second terms, respectively, in Eq. (1) Fig. 2 on page 6 .) The membership function in each iteration is in Eq.(3) on page .
Normalized Cut Algorithm
The normalized cut algorithm is a graph partitioning approach based on a global criterion, called normalized cut. Due to the low signal-to-noise nature of ultrasound images, the resulting boundary of the normalized cut algorithm frequently provides only rough outline of the lesion boundary. Inaccurate as it may be, it serves as a reference, called NC reference contour, for CFCB-MAP algorithm.
Fuzzy cell -based bipartition(FCB)
Although the lesion boundaries derived by the normalized cut algorithm are usually far from accurate for breast sonogram, they do provide rough outlines of the breast lesions in most cases. On the other hand, the prominent components have the nice property that the visually perceived lesion boundary may be constituted by the boundaries of the prominent components surrounding the lesion. Therefore, to derive a better estimate of the lesion boundary, in this paper, we propose a constrained fuzzy cell-based bipartition-MAP algorithm, integrating the boundary and shape information provided by the prominent components and the NC reference contour, respectively. Optimization of the cost function of the CFCB-MAP algorithm is accomplished by using an expectation-maximization (EM) algorithm.
The cost function of the CFCB-MAP algorithm is defined as the conditional joint probability conditioned on the mean of gray level in the ROI, denoted as p(#,C|G), which may be written in a logarithmic form according to the Bayes' rule as Eq. (4) on page .
M step
The aim of this step is to fit the intensity inhomogeneity field to a polynomial surface in a bipartite ROI. It is assumed that the mean of intensity inhomogeneity of pixel i, , may be modeled as a polynomial surface. To estimate the polynomial surface, a least squared fitting is employed to minimize the cost function: Eq.(5) on page .
Images for this section: Fig. 1 : an overview of the proposed algorithm.
Fig. 2: Notation table
Results Fig. 1 on page 7 demonstrates the effectiveness of the proposed algorithm on a real breast sonogram. Fig. 1(a) shows a breast sonogram with a breast lesion. It is clear that the lesion boundary on the left and right sides of the lesions is degraded by the intensity inhomogeneity. Weak edges may be observed on both sides of the lesion. After corrected by the proposed inhomogeneity-correction scheme, the boundary on the both sides of the lesion becomes much better defined as shown in Fig. 1(b) . To further reveal the advantage of correcting intensity inhomogeneity, Figs. 1(c) and 1(d) present the boundaries derived by using the Chan and Vese level-set method before and after inhomogeneity correction, respectively, both with the same initial contour. One may see that the Chan and Vese method fails to capture the lesion boundary with intensity inhomogeneity. Because of the low contrast around the lesion boundary, in particular, the level set leaks out of the lesion at the upper-right corner of the lesion before the other part of the level set reaches the desired boundary as shown in Fig. 1 (c). By contrast, the level set reasonably delineates the lesion boundary as displayed in Fig. 1(d) .
Images for this section: Fig. 1: (a) a clip of breast sonogram with a lesion in the center, (b) greatly reduced intensity inhomogeneity, (c) lesion boundary derived by using the Chan and Vese level-set method before inhomogeneity-correction, (d) lesion boundary derived after inhomogeneity-correction.
Conclusion
In summary, a new algorithm is proposed in this paper to correct intensity inhomogeneity of a breast sonogram. The cell-based bi-partitioning technique greatly reduces the probability of being trapped in a local minimum in estimating the lesion boundary. Moreover, modeling the inhomogeneity field as a polynomial surface reasonably accounts for the spatially-variant nature of intensity inhomogeneity. Our results show the proposed algorithm is not only able to correct the shadowing of the ROI, but also potentially helpful for the conventional segmentation algorithms, e.g., the Chan and Vese level-set, to capture the weak edges caused by the intensity inhomogeneity.
